Despite the notable increase in earnings volatility and the attention paid to the growing ranks of the uninsured, the relationship between career earnings and short-and mediumrun health insurance status has been ignored due to a lack of data. I use a new dataset, the SIPP Gold Standard File, that merges health insurance status and demographics from the Survey of Income and Program Participation with career earnings records from the Social Security Administration (SSA) and the Internal Revenue Service (IRS) to examine the relationship between long-run family earnings volatility and health insurance coverage. I find that more volatile career earnings are associated with an increased probability of experiencing an uninsured episode, with larger effects for men, young workers, and the unmarried. These findings are consistent with the "scarring" literature, and suggest the importance of safety-net measures for job losses and health insurance coverage.
Introduction
Over the last few decades, the volatility of earnings has followed a general, if inconsistent, upward trend (Shin and Solon, 2008) , contributing substantially to the rise in earnings inequality (Haider, 2001) . Meanwhile, the growing ranks of the uninsured have received a great deal of attention, both from researchers and policymakers. Despite the obvious link between labor income and health insurance, as the vast majority of nonelderly Americans receive health coverage through an employer ( DeNavas-Walt, Proctor, and Smith, 2009) , the relationship between increasing earnings instability and health insurance coverage has been largely unexplored. In this paper, I use this linked data, the SIPP Gold Standard File, to estimate the relationship between long-run earnings volatility and short-and medium-run health insurance coverage. I use a novel measure of earnings volatility that takes into account the natural growth of real earnings as an individual ages. I test the hypothesis that, for two individuals who have the same fitted long-run trend in family earnings, the one whose earnings deviate more from that trend is more likely to be uninsured, no matter when the researcher observes him or her. To my knowledge, this is the first paper to examine the relationship between career earnings, in either levels or volatility, and health insurance coverage.
I find that there is a large positive and statistically significant relationship between long-run family earnings volatility and the probability that someone ever experiences a period without health insurance coverage. This effect is strongest for men, workers under age 30, and the unmarried, who are exposed to greater downside earnings risk and job insecurity. I also find, on the other hand, that earnings volatility has a weaker influence on the time spent uninsured for these groups, consistent with short, frequent uninsured spells, and that those workers who have more volatile earnings are not more likely to be continuously uninsured. In short, inconsistency in one's career earnings profile translates into inconsistent health care coverage.
Though the exact cause of earnings volatility is still subject to debate, a likely substantial contributor is the effect of job displacement (Stevens, 2001) . Numerous researchers have found that job loss may have a "scarring" effect (Ellwood, 1982) , making future losses more likely (Stevens, 1997) , decreasing the quality of subsequent employer-employee matches (Fallick, 1996) , and reducing earnings over the long run (Ruhm, 1991, Jacobsen, LaLonde, and Sullivan, 1993) . If one job loss makes future displacement more likely, and leaves even re-employed workers with lower-quality jobs than other workers who were never displaced, then we should also observe that previously displaced workers are less likely to be covered by health insurance at any point-in-time. The "scarring" of job displacement may also lead to undesirable health insurance dynamics: insured workers who have a volatile earnings history may be more likely to lose insurance, and less likely to gain insurance once it is lost. These dynamics suggest an increased need for safety-net insurance coverage in the event of job loss, and strengthen the motivation for measures that reduce the negative impacts of job displacement, such as job training, continuing education, and unemployment insurance.
Related Literature
The literature suggests that earnings volatility has trended upward over the last few decades. Moffitt (1994, 1995) decompose earnings variance into its permanent and transitory elements, and find that transitory earnings variance increased between the 1970s and 1980s. In a recent update (2008), they find that volatility remained at this higher level through 2004, though it did not increase further. Haider (2001) also finds that earnings instability increased substantially in the 1970s, explaining about half of the growth in earnings inequality. Though Cameron and Tracy (1998) and Moffitt and Gottschalk (2002) find that earnings volatility declined in the late 1980s and early 1990s, and Dahl, DeLeire, and Schwabish (2008) suggest that volatility has leveled off since the mid-1980s , recent evidence suggests that volatility has risen again in the 2000s (Dynan, Elmendorf, and Sichel, 2007; Shin and Solon, 2008) . Stevens (2001) attributes much, but not all, of this growth in the transitory earnings variance to the persistence of earnings losses after job displacement. Numerous papers have found that job loss leads to less stable future employment and permanently lower wages. Ruhm (1991) , Jacobsen, LaLonde, and Sullivan (1993) , and Stevens (1997) find evidence that workers who lose a job may be "scarred" for years, even after re-employment, with lower wages, increased probability of future job losses, and permanently increased earnings volatility.
Job losses may also lead to the loss of health insurance, as employers are the source for about three-quarters of non-elderly insured Americans' coverage ( DeNavasWalt, Proctor, and Smith, 2009 ). Gruber and Madrian (1997) find that job loss is frequently associated with insurance loss, and Czajka and Olsen (2000) find a similar effect of parental job loss on children's insurance coverage.
While the research on the permanent effects of job displacement on direct labor market outcomes is rich, very little is known about the long-run effects of job losses and earnings volatility on health insurance. To my knowledge, the only previous study to examine this question is Simon and Schroder (2006) . Using the 1996 and 2001 panels of the SIPP, they find that previously involuntarily displaced workers are significantly less likely to have insurance through their next job than workers who had not been displaced, though the displaced workers eventually catch up to the other workers after just more than a year. This study is the first to examine the relationship between point-in-time health insurance status and either the level or the volatility of long-run earnings. The availability of the SIPP Gold Standard File makes this analysis possible; while previous studies use the PSID to examine earnings volatility, questions about insurance coverage are only available relatively recently, earnings totals are self-reported, and the sample size is much smaller.
Conceptual Framework
It is well-established that individuals who have high-paying jobs are likely to have stable health insurance coverage (see, among many others, Kuttner and Rutledge, 2007) .
Because the employer is the dominant source of coverage in the United States, contemporaneous earnings volatility, especially when it is caused by a job loss, will be strongly associated with being uninsured point-in-time (Gruber and Madrian, 1997) , or ever experiencing a gap in coverage (Short and Graefe, 2003) . This paper examines a slightly different question: whether, all else (including the earnings level) equal, an individual who has a more volatile family earnings history is more likely to be uninsured at any particular time. My hypothesis is that, controlling for the long-run level of earnings, someone with a history of more variable earnings is also more likely to have gaps in his or her health insurance coverage.
The association between volatile earnings history and volatile insurance status may arise for any number of reasons. First, unstable earnings may be a signal of the worker's unobserved ability. It is important to note that earnings volatility, at least across years, is likely to arise mostly because of downside, not upside, risk. Unlike total income, which may have significant upside due to investment windfalls, property sales, inheritance, or lottery winnings, substantial year-to-year positive shocks to labor market income (including both non-deferred and deferred earnings) are relatively rare. 3 3 A potential exception is workers whose bonuses make up a large portion of their annual earnings. It would be worthwhile to exclude workers in certain industries like finance, but in the Gold Standard File, industry is only known within broad categories (for example, finance is combined with insurance, real estate, public administration, the military, and most other services). Industry is also observed only during the time they are sampled by the SIPP, and workers may spend some unspecified amount of time in both finance and other professions less reliant on bonuses.
Substantial negative shocks, however, are quite common, due to job losses or cuts in hours. Moreover, earnings are much more likely to change, up or down, with job and employer transitions, 4 which also leaves a worker vulnerable to gaps in insurance coverage. 5 Volatile earnings, therefore, suggest a tenuous connection to the labor market, through frequent and/or persistent periods of non-employment, seasonal or temporary work, or inconsistent hours within a position. A history of volatile earnings, then, could be evidence that the individual is of low ability, and therefore has trouble obtaining, and maintaining, high-quality jobs that are likely to offer stable health insurance coverage, even if earnings observed in the short-run, as it would be in many longitudinal studies, are stable. Low-ability individuals or those with frequent transitions may also be less likely to seek coverage if it is not offered by an employer, as the individual insurance market has high transaction costs.
Alternatively, there is some evidence in the literature that labor market shocks are persistent and may cause "scarring," making individuals who suffer layoffs or cuts in hours more likely to repeat these negative results, while being unable to restore their 4 Bils (1985) , Shin (1994) , and Devereux and Hart (2006) find that wages of workers who remain in the same job are much more acylical than job movers, both across and within employers.
5 Gruber and Madrian (1997) find that job loss decreases the probability of private coverage by 20 percentage points. They add that mandated continued coverage, at the state level, dramatically increases the probability of retaining coverage during a job transition; this continued coverage is now mandated at the national level, after the passage of the Health Insurance Portability and Accountability Act in 1996, so coverage should be easier to maintain during job-to-job transitions (though not necessarily with longer unemployed spells).
previous earnings level. 6 This suggests that previous earnings volatility reduces current earnings, which may result in periods without health insurance coverage. 
Data
The SIPP Gold Standard dataset is the result of a collaboration of the Census Bureau, the SSA, the Internal Revenue Service (IRS), and the Congressional Budget Office (CBO) (Abowd, Stinson, Benedetto, 2006) . This dataset links information collected in the 1990-1993, 1996, 2001, and 2004 
Methodology
This paper's primary estimation model is a regression of short-run health insurance status on long-run earnings volatility, the long-run level of earnings, and other covariates.
The first challenge is the measurement of long-run earnings volatility. In the data, real earnings trend upward over one's career due to returns to experience and occupationand firm-specific capital, peaking in one's 50s before reaching a plateau, or even declining, late in one's career. An individual's earnings variance is therefore a poor measure of volatility, as a worker who has a steep but consistent earnings profile ( Figure   1 , left panel) may grade out as more volatile than one who has a narrow but inconsistent profile (right panel). Moreover, for two otherwise-identical individuals who have different years of experience, the one who has more experience will look more volatile, as there is more of a difference in earnings between the first few and last few years of his career than for someone who has a shorter, more truncated profile.
An approach that better captures the consistency of year-to-year earnings, or lack thereof, while still taking into account the usual career earnings profile is to control for both predicted earnings throughout one's career and the deviation from that fitted profile.
For two workers who have identical fitted earnings profiles, as shown in Figure 2 , the one whose earnings deviate more from that trend line is clearly more volatile (right panel).
Individuals (or families) will be heterogeneous, both in their capacity to earn in any given year and in their ability to grow those earnings. Gender, marital status, and education may account for some of these differences. The typical male with a college degree will have a steeper earnings profile, starting from a higher initial salary, than an otherwise-equal male with only a high school diploma. Similarly, the age-earnings profile of a married woman likely will have a different shape than an equally-educated never-married woman. Also, birth cohort matters: a worker can earn more at age 30 if he or she reaches that age during a boom than if he or she reached it during a recession.
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Still, within these groups, the level and growth of earnings will vary greatly between individuals (or families); a social worker and a currency trader of the same age, marital status, and gender will both be college graduates, but will have very different earnings profiles, both in levels and in slope.
To account for this unobserved heterogeneity within cell J, I fit a cubic ageearnings profile to each matched respondent i's earnings history,
The error term υ consists of 11 The literature on graduating during a recession (Kahn, 2010, for one) suggests that the effect of reaching a specific age -in this case, the age at which one normally earns a degree -in a specific year can have long-lasting effects on earnings ability.
12 As a robustness check, I replace the calculated by a cubic regression of age on real earnings, delineated above, with an calculated from a quadratic regression of age on real earnings in each regression. All results are nearly identical in both magnitude and significance.
the sum of an observation-specific random intercept, an observation-specific slope parameter with respect to age, and a classical error term. The first term in (2) 
In other words, , or the "average residual," represents the average absolute value of the difference, in real (2000) dollars, between what the individual (or family) earned at a particular age and what their career earnings profile would have predicted they would 13 For each birth cohort between 1927 and 1979, I estimate (1) for six different cells: men with less than a college degree, men with a college degree or more, women with less than a college degree who ever married, women with less than a college degree who never married, women with a college degree who ever married, and women with a college degree who never married. I do not separate men by marital status; in a regression where the dependent variable is the earnings volatility measure calculated for the sample as a whole, the interaction of indicator variables for male and ever married is not statistically significant, unlike the other interactions of gender, education, and marital status.
14 In the estimates of earnings volatility for married couples, I include one observation per couple, and the cells are assigned by the birth cohort and educational attainment (college degree or not) of the male. Each spouse is then assigned the joint earnings volatility measure, and each will be his or her own observation in the insurance regression. The dependent variable is a measure of the lack of health insurance coverage, so the regression model is
The uninsured variable is one of seven different coverage measures:
1. an indicator for whether individual i is ever uninsured during his/her time in the SIPP, 15 Indeed, is positively correlated (at the 99 percent confidence level) with the mean of earnings over one's career. 16 I had trouble achieving convergence in the logit model when using a continuous measure of average predicted earnings (expressed in thousands of real dollars), so I instead use a categorical variable for each four-or five-year average, with each category representing either $5,000 or $10,000 ranges. 6. the number of months individual i lacks health insurance coverage in a specific year, 7. and whether the individual i lacks health insurance coverage in a specific month.
In specifications 1, 2, 4, 5, and 7, ሺ•ሻ is the logistic function. There is bunching in the number of months uninsured, because many people are never uninsured, and others are uninsured throughout their time in the SIPP sample. Specifications 3 and 6 are therefore estimated by Tobit regression, with the lower censoring limit set at zero months for both models; the upper censoring limit is 12 months for specification 6, and the maximum number of months one could be in the sample -24 for most panels, except for 2004 (36) and 1996 (48) -for specification 3. The sample for the first three specifications includes one observation per person, one observation per person-year for the third through sixth specifications, and one per person-month for the last specification.
For each of these (nonlinear) regressions, I report the average marginal effect, or the mean of the derivative of the dependent variable with respect to lnሺ ሻ across the regression sample, and its standard error (approximated by the Delta Method). In each 17 This measure of insurance status is the most comparable to the Current Population Survey's health insurance variable, which is used to create the uninsured rate figure cited most often in policy discussions.
case, my hypothesis is that the mean derivative, or marginal effect, of lnሺ ሻ on the measure of being uninsured should be positive and statistically significant; i.e., greater earnings volatility over one's career (or the careers of one's family unit) should be associated with one being more likely to lack health insurance coverage at any point that one is observed.
The independent variables in each regression are measures of earnings volatility, the average level of predicted earnings over a period of four or five years (10 periods), and other individual characteristics. enters equation (3) longer, and thus allow more time to experience an uninsured spell), more detailed educational attainment categories, and the quintiles of wealth (as those with higher assets can better smooth consumption or buy insurance on the private market), and indicator variables for whether the individual has ever married, ever had children, is foreign-born, or is a homeowner.
Each regression is run separately for men and women, to allow for heterogeneous effects of individual or family earnings volatility on health insurance status. I also present results separately by age (18-29, 30-39, 40-49, and 50-64) at the time of first SIPP interview; tends to increase slightly (though statistically significantly)
with age, as there are more opportunities for random shocks as one ages.
All regressions are weighted, using an adjusted version of the weight provided by SIPP to account for the oversampling of low-income individuals. I make this adjustment because the SIPP-provided weights were calculated on the full sample, but failed matches to the SSA data may not be random; 18 moreover, I exclude other individuals, like the ever-self-employed and ever-divorced, that make the sample not nationally representative.
19 I calculate the average monthly weight for each individual in the full Gold Standard File, including zero weights for months when the individual is missing from his or her SIPP panel. Then, I estimate a (weighted) logit regression for the probability of being included in the sample, and divide the average monthly SIPP weight by the predicted probability of inclusion.
20
In all specifications, I use Huber-White heteroskedasticity-robust standard errors, and in specifications 4 through 7, standard errors are clustered at the individual level.
21 Table 3 presents summary statistics for men and women, both unweighted and weighted. The difference between the unweighted (33 percent) and weighted (27 18 Christia and Schwabish (2009) find slight differences between the full 1996 SIPP panel and the SIPP respondents whom they are able to match to the SSA records. The matched sample is slightly younger and less Hispanic than the full sample, but by most other characteristics they are similar. 19 The adjustment to the SIPP weight does not account for the restriction that individuals have 10 or more years of positive earnings. Therefore, all results should be interpreted as nationally representative among relatively stable earners. 20 The coefficients on lnሺ ሻ in the insurance coverage models are generally larger (more positive) in weighted regressions compared to the same model unweighted, but there is no difference in the qualitative finding of statistical significance. The results are almost identical when I use alternative adjusted weights: when I adjust the average monthly weight to also account for the requirement that a worker needs 10 years of positive earnings to be included, and/or when the numerator of the adjusted weight is the weight from the first full month of the first wave of the SIPP panel.
21 I do not adjust standard errors to account for the fact that the two key independent variables, and ‫ܧ‬ ? ? ? ߙ ‫ܣ‬ ? ? ? ത ത ത ത , are generated regressors, but plan to correct this in the next version. percent) proportions that are ever uninsured during their time in the sample, and the decrease in the proportion lacking a high school degree from unweighted (12.7 percent) to weighted (7.8 percent), are evidence of the importance of weighting to account for oversampling of low-income individuals, who are more likely to be uninsured. 22 Those who are ever uninsured during their time in the sample spend an average of 15 months uninsured, while those who are ever uninsured in a particular year spend about eight months uninsured that year. is heavily skewed to the right, as evidenced by its large standard deviation, though the mean and median (unreported) of lnሺ ሻ are roughly equal, indicating that the log transformation has eliminated most of the skewness.
Results
In Table 4 , I report the results of logit regressions of indicators for whether the matched worker is ever, or always, uninsured during his/her time in the SIPP sample on earnings volatility, the level of earnings throughout one's career, and personal characteristics. I do not report estimates for the level of earnings (almost universally negative, as expected), the SIPP panel fixed effects, nor the constant. The first two lines of Table 4 are the means of each individual's marginal effect of lnሺ ሻ on the probability of being 22 The weighted uninsured rates in Table 3 Tables, http: //www.rwjferiu.org/fastfacts/index.html. The proportion of workers aged 18 to 64 that were ever uninsured in 2002 is 25.2 percent, and the proportion who were uninsured for the entire year was 9.1 percent, according to ERIU. The respective proportions in this sample are 20.0 and 7.9 percent. It is no surprise that these rates are somewhat smaller in this paper. First, the sample is drawn from 1990 through 2006, and the uninsured rate has grown over time, so 2002 is near the peak. Second, due to the sample selection criterion that requires at least 10 years of positive earnings, this sample is more stable, and thus more likely to be insured, than the working population overall.
uninsured ever or always and their Delta-method standard errors, while the rest of the table reports logit coefficients and standard errors.
The first two columns of Table 4 contain the main result of this paper: as career earnings volatility increases, one is more likely to ever experience a period without health insurance coverage within a two-to four-year period of observation. This effect is highly statistically significant for both genders, though the magnitude of the effect is nearly twice as large for men, as expected.
23
The mean derivative implies that, on average, a 1 percent increase in the volatility measure , all else equal, would increase the probability of experiencing an uninsured episode during the SIPP sampling period by 0.09 percentage points.
Interpreting this magnitude is somewhat difficult, though, because the reader is likely not familiar with how real-life earnings variation translates into changes in the average square root of the sum of squared residuals from a regression of real earnings on a cubic function of age, denominated in the natural log of dollars per year.
To assist in the interpretation of these coefficients, I consider a counterfactual. I replace every matched worker's highest earning year from the SSA-IRS record with zero earnings, as if the worker was laid off at the height of his or her career and spent the year unemployed, but then resumed his or her career without scarring. The results in the third and fourth columns of Table 4 indicate that earnings volatility is not associated with being continuously uninsured during the observation period. The mean marginal effect is positive but not statistically significant for both men and women, and the magnitudes are not very large; replacing one's best earnings year with zero earnings, as above, would increase the probability of always being uninsured by 0.04 percentage points for men and 0.11 percentage points for women. While the lack of an effect may seem surprising, given the strong estimated effect for ever being uninsured, high earnings volatility implies that at least some years are above one's longterm trend. There is little reason, then, that someone who has inconsistent earnings should also be persistently uninsured. 24 Alternatively, if I were to add the maximum annual earnings to the next year (or the previous year if the next year is part of a different five-year age block), the recalculated is 31.3 percent larger. Just deleting the maximum annual earnings increases the by 11.7 percent. 25 In the simulation, the mean change to is even larger -an additional $2,185 per year above the actual , an increase of 38.5 percent A potential concern with the earnings volatility metric is that it is measuring something different for workers of varying ages. For young workers who have not accumulated much experience, is limited to measuring contemporaneous earnings volatility and thus, to the extent that volatility arises from periods of unemployment or underemployment where employee benefits are rare, should be strongly correlated with being uninsured. 26 In addition, specifying the (predicted) earnings level as a four-or five-year average does not capture the age-earnings profile for someone without much experience beyond four or five years. These measures should better capture the long-run trend of earnings, and year-to-year deviance from this trend, for older workers.
The marginal effect estimates presented in the first two columns of Table 5 suggest that, though the magnitude of the correlation diminishes with age, greater longrun earnings volatility increases the likelihood of ever being uninsured even for older, established workers. The mean derivative is 0.15 for men under age 30, falling to 0.10 for men in their 30s and 40s, and remains at a statistically significant 0.06 for men over age 50. Women experience a similar pattern, though the estimated effect is actually slightly larger for women ages 30-39 than for women under 30. Though the declining pattern for each gender is obvious, none of the differences between consecutive estimates are statistically significant. These estimates suggest a 1.5-or 1. 0-percentage-point increase in the probability of being uninsured for men and women, respectively, over age 50, when the highest earning year is reduced to zero.
26 This is not strictly true for people who are in the SIPP at a young age, but afterward accumulate more years of recorded earnings, such as those 18-to-29-year-olds in the 1990-1993 panels. that working husbands' earnings, and their employer-sponsored insurance, protect against the consequences these gaps (or allow them to happen). Never-married women with volatile earnings histories are more likely to also be uninsured if they have had children than if they have not, which is likely a selection effect.
In the third and fourth columns of Table 5 , the dependent variable is the number of months uninsured during one's time in the SIPP sample, estimated by Tobit regression (which accounts for the large proportion who are never uninsured). For every subsample, the correlation between months uninsured and earnings volatility is positive and highly statistically significant, but some of the patterns observed in the magnitudes of the effects across groups disappear. The first two columns indicate that the same increase in volatility will be associated with larger increases in the probability of being uninsured for the young than for the old, but the Tobit results suggest that the young will experience smaller increases in the time spent uninsured; these findings are consistent with the young experiencing short, frequent gaps in coverage. The same is true for never-married women: those without children have slightly more reliable coverage, but spend a longer time uninsured when coverage lapses. Other patterns are consistent across coverage measures, though they lose their statistically significant differences: men spend more time uninsured than women with comparable volatility, as do married, childless women compared to married women with children. Table 6 presents analogous results where the sample is, instead, person-year observations. In the top panel, the two dependent variables are an indicator for whether the matched worker was ever uninsured during that year (first two columns), and the number of months spent uninsured that year (third and fourth columns). 27 The results for uninsured ever during the year are similar to ever uninsured during the full sample, though smaller in magnitude, as expected. For men, a 24.1-percent increase in the earnings volatility measure (in line with the counterfactual outlined above) is associated with a statistically significant 1.7 percentage-point increase, or about 8 percent of the mean of 21 percentage points, in the probability of being uninsured at some point in the given year. The increase for women is smaller but also statistically significant, leading to an increase of 1.0 percentage points in the same exercise. As before, the correlation between the time spent uninsured and earnings volatility is stronger for men than for women. The other patterns across subsamples are similar to what is observed in Table 5 , except that the correlation between volatility and missing coverage that year is stronger for the oldest cohort of men than for any other group. 27 The SIPP Gold Standard File currently eliminates any years where the SIPP began or ended in the middle of the calendar year, so if someone is uninsured all year, that means he or she is uninsured for all 12 calendar months, not just for all the months he or she was present in the SIPP during that calendar year.
In the middle panel of Table 6 , the dependent variable is instead whether the individual is uninsured all year. Like the results in Table 5 , the magnitudes of these marginal effects are smaller than the magnitude for the "ever uninsured in the year" regression, but unlike the previous results, the effect is positive and statistically significant. Similarly, the estimates in the bottom panel indicate that both men and women with high earnings volatility are also more likely to be uninsured in any given month, though the magnitude is not as large as when the sample is once per person-year or once per person.
Robustness checks.
One concern with the data is that before 1978, reported earnings are capped at the Social Security taxable maximum. From 1947 to 1977, the median nominal personal income for men over age 15 was only, on average, 23 percent higher than the taxable maximum, and in one year (1965) was actually lower. 28 Beginning with 1978, the Gold Standard File includes the Social Security Detailed Earnings Record, which includes uncapped W-2 earnings, both deferred and non-deferred and both covered and exempt from the FICA tax.
Because of this change in the completeness of earnings data, any worker who earns more than the taxable maximum both before and after 1978 will appear to have a more volatile earnings history than they would have otherwise. To some extent, the volatility calculation accounts for this jump in earnings. Recall that the volatility measure is the mean absolute deviation from the trend in earnings fitted by a cubic 28 FICA taxable maximum time series is from the SSA Annual Statistical Supplement, 2009, Table 2 .A.3.
Median nominal personal income for men and women is from the U.S. Census Bureau, Table 5 ; the marginal effect of volatility on the probability of ever being uninsured is slightly smaller for men, but nearly identical for women and most of the more defined subsamples, and each estimate is significantly different from zero at the 99 percent confidence level.
Another potential problem with is the decision to calculate the earnings volatility from the combined earnings of a married couple in each year, while calculating volatility just from the individual's earnings for someone who has never married. The implicit model is that all financial resources and health coverage are shared between spouses. This need not be the case: a married worker may be eligible for only individual coverage, or find family coverage unaffordable (especially for childless couples who, in one-size-fits-all family coverage, have to subsidize larger families), so when a spouse loses a job, the spouse becomes uninsured. This method is also subject to measurement error: I combine a couple's earnings for all years, not just the years in which they were married, as I do not know whether and for how long they were sharing resources before they were married (if, for instance, they were cohabitating). Additionally, the volatility measure may be sufficiently different in scale between married couples and nevermarried individuals that the effect of volatility on insurance coverage should be specified differently between the groups; indeed, the estimated effects in Table 5 are statistically different between the ever-and never-married at a high confidence level for both genders.
The third and fourth columns of Table 7 present re-estimated results using the earnings volatility measure calculated only on an individual's earnings, regardless of marital status. The estimates are just slightly smaller for married men (and obviously identical for never-married men). While the magnitude of the estimated marginal effect fell by half for married women, it remains statistically significant, though at a lesser confidence level for married women with children. The ever-divorced, excluded from the previous analysis because it was unclear what their combined earnings would be in the years they were married, look like the never-married group, with a high estimated effect of volatility on insurance coverage, likely because of greater exposure to job insecurity.
Conclusion
To my knowledge, this is the first paper to examine the relationship between long-run earnings volatility and short-and medium-run health insurance coverage. I use a new, large-scale dataset, the SIPP Gold Standard File, which links a worker's earning history from administrative data to rich personal and family information from a longitudinal household survey. The results indicate that workers who have more volatile family earnings are more likely to experience a period without health insurance coverage. This correlation is stronger for men than for women, for the never married than for the married, and for the young than for older workers.
While I find a robust association between earnings volatility and health insurance coverage, this does not imply causality; the results are consistent with high career earnings volatility resulting in one more likely to be uninsured, being uninsured making career earnings more volatile, and/or a third factor both increasing the likelihood of being uninsured and increasing the volatility of career earnings. Unfortunately, the SIPP Gold Standard File data does not allow for conclusions about causality. It is possible, and quite likely, that someone who is uninsured now is at greater risk of being uninsured in the future, and vice versa. To be able to assert that earnings volatility causes future gaps in coverage, or the converse, one would need to be able to observe not just the worker's earnings history, but also his/her insurance status in those same years. Currently, no dataset allows for a long enough time series of individual coverage to make this case, though as time goes on, the Panel Survey of Income Dynamics, which began collecting health insurance coverage status in 1997, will have enough years of data to better answer this question.
Taking these results at face value, there appears to be a relationship between an inconsistent career earnings profile and the consistency of health insurance coverage.
These findings are consistent with other work showing that job losses lead to enduring "scars" that may affect future economic success. Though much has been done in recent years to help workers in down years, including COBRA health insurance coverage and unemployment insurance benefit extensions, policymakers should consider ways to strengthen the safety net, including increasing the funding for job training and adult education programs or encouraging temporary or contract work as a bridge, so that temporary setbacks in one's career do not lead to lasting negative outcomes. 
